remature birth is associated with adverse neurodevelopment. It is expected that approximately 5% to 10% of very preterm neonates (<32 weeks' gestational age) will develop cerebral palsy, and up to 50% of them may show cognitive, behavioral, learning, or visual deficits during childhood. [1] [2] [3] White matter damage, with a prevalence of 5% to 15% among neonates at a postVioleta Tenorio, MD, Elisenda Bonet-Carne, MsC, Francesc Botet, PhD, Ferran Marques, PhD, Ivan Amat-Roldan, MsC, Eduard Gratacos, PhD Received March 25, 2011, from the Departments of Maternal-Fetal Medicine (V.T., E.G.) and Neonatology (V.T., F.B.) 
conceptional age of 32 weeks, is one of the best predictors of cerebral palsy in surviving preterm neonates. 4 White matter damage may present in the form of cystic periventricular leukomalacia or as diffuse white matter damage. Whereas the association of cystic white matter damage with a poor neurologic outcome is well documented, 5, 6 most neonates with cognitive deficits do not show this pattern of injury, which suggests the existence of diffuse injury or more subtle changes altering cerebral maturation. Cranial ultrasound imaging is the preferred and most readily available tool for assessing the neonatal brain. 7 However, the sensitivity of this diagnostic test for detecting diffuse white matter damage is low; thus, up to 4.4% of very preterm neonates with normal neonatal cranial ultrasound findings develop cerebral palsy. 8 The accuracy of the identification of "increased echogenicity," the key diagnostic sign of white matter damage, is hampered by the lack of clear-cut criteria, different acquisition settings, and variable examiner experience, which results in a wide variation in the reported incidence of white matter damage among different neonatal intensive care units. 9 In addition, it is likely that, below a certain threshold, subtle changes in tissue brightness and texture are difficult or impossible to identify by subjective interpretation. 10, 11 Quantitative ultrasound analysis may increase repeatability and assist in solving ambiguities in the interpretation of ultrasound examinations. This approach aims to estimate tissue characteristics by quantitative analysis of either the features contained in the ultrasound image or the reflected acoustic waves; thus, specific image features that can be measured consistently. 12 Among several possible technological approaches for quantitative ultrasound analysis, image texture analysis has been extensively investigated for medical diagnostic applications, including breast cancer and liver disease. [13] [14] [15] [16] This approach is based on applying a processing method to the already acquired ultrasound images.
There is a small body of research in ultrasound tissue characterization of the neonatal brain. Preliminary work by Barr et al 17 provided evidence that in term neonates, a hypoxic insult resulted in changes in the ultrasound texture. In preterm neonates, Stippel et al 18 investigated texture-based adaptive-filtering techniques to successfully assess the symmetry of echogenic white matter "flares." In a recent retrospective study, Hope et al 19 showed an association between texture measures within 1 week of birth in preterm neonates with the subsequent development of cerebral palsy. Concerning the use of texture analysis to diagnose white matter damage, Vansteenkiste et al 20, 21 recently succeeded in identifying periventricular leukomalacia among preterm neonates at a postconceptional age of 32 weeks, using magnetic resonance imaging as the reference standard, with sensitivity and specificity that outperformed those of standard clinical diagnosis. [22] [23] [24] In a latter work, the same authors improved the sensitivity of the method by adding a semiautomatic segmentation step to the classifier algorithm. 25 These findings support the notion that indeed there exists some "ultrasound texture pattern" in diffuse white matter damage that could be detected by quantitative analysis of ultrasound scans. However, the above methods are based on the analysis of gray level changes, and consequently they depend on the scanner settings, which have been most widely approached by normalizing gray level values with the choroid plexus. 21 The aim of the preliminary study presented here was to evaluate the performance of a new method for assessing tissue characteristics based on texture models of random fields. Automatic Quantitative Ultrasound Analysis 26 is custom-developed software that is invariant under illumination changes because it does not use the direct gray level from the image or tissue references. The method estimates texture features based on conditional random fields in a manner by which image texture features converge robustly to different tissue characteristics independently of the overall acquisition context (ie, scanner settings and operator skills). A conditional random field is an undirected graphic model, which often has been used for image segmentation and object recognition and as a general approach to combining features from different sources. 27 This method may overcome some limitations of previously evaluated methods.
In a cohort of 44 very preterm neonates, we evaluated the ability of this new method to detect early differences in the brain tissue structure of premature neonates with a later diagnosis of white matter damage, as established according to a conventional ultrasound evaluation.
Materials and Methods

Patients
We conducted a prospective cohort study on very preterm neonates born at a gestational age of less than 32 weeks admitted to the neonatal intensive care unit of our tertiary neonatal center between October 2007 and April 2009. The patients included in this study constituted a consecutive sample of those who agreed to enter the abovementioned research program until the minimum sample size was reached. Exclusion criteria to participate in the study were metabolic and chromosomal disorders, congenital cardiac abnormalities, specific syndromes, and mono-chorionic twins. For the purposes of the study and because of its exploratory nature, a minimum sample size of 40 patients with normal cranial ultrasound findings was arbitrarily established. The study protocol was approved by the local Ethics Committee. Parents were informed and signed written consent.
Image Acquisition and Clinical Diagnosis of Periventricular Leukomalacia
Sequential cranial ultrasound scans were performed routinely in all study patients from birth until discharge or transfer to another hospital and at a term-equivalent age. All neonates included in the study had at least 1 scan within the first week of life and another from days 14 to 31. All scans were performed by experienced operators in different medical fields. The images were acquired with a Sonoline Antares ultrasound equipment (Siemens Medical Solutions, Malvern, PA) using a P10-4 neonatal probe with the frequency set at 7.5 MHz. The gain and time-gain compensation were adjusted at the discretion of the clinician performing the ultrasound examination to obtain the optimal image quality for diagnostic purposes. The cranial ultrasound examination was performed according to a fixed protocol, which included 5 sagittal and 6 coronal plane images using the anterior fontanel as an acoustic window. Images were digitally collected in the original Digital Imaging and Communications in Medicine format and stored for offline analysis in a custom-made program using a graphical user interface based on MATLAB R2007b version 7.5.0.342 (The MathWorks, Inc, Natick, MA).
Each set of scans was evaluated offline for the presence of abnormalities. Special attention was paid to white matter changes. For each set of images, the presence and appearance of periventricular echo densities were recorded. Abnormally increased echogenicity of the white matter was reported if the affected region was almost as bright as the choroid plexus according to the method of van Wezel-Meijler et al. 28 These echo densities were classified as transient periventricular echo densities if they were present in the first days of life but had disappeared at 14 to 31 days. 29 A diagnosis of periventricular leukomalacia was made on the basis of ultrasound scans performed from day 14 of life onward. Periventricular leukomalacia was defined and scored according to the classification of de Vries et al. 30 Periventricular and intraventricular hemorrhages were classified according to the method of Volpe. 31 For the purpose of this study, patients were allocated to 2 study groups according to the presence or absence of periventricular leukomalacia.
Development of a Prediction Test for Periventricular Leukomalacia Based on Cranial Ultrasound Images
In this study, we used the general strategy of Holli et al 32 4. We modeled close pixel interactions by a direct second-order conditional random field (8-neighbor conditional random field) as explained below and an additional marginal error distribution, thus obtaining 612 marginal distributions. 5. We then sampled each distribution (typically at 100 points) to build a vector of image texture features (in this case, 61,200), which we named a regional neurostructure profile that characterized a patient. The details of the method are outlined below.
Pyramidal Decomposition
Pyramidal decomposition is a classic type of decomposition in wavelet analysis, 33, 34 which recurrently decomposes an image into a number of subimages that contain different characteristic details of the original image. The decomposition is illustrated in Figure 2 and consists of the following steps: 1. The original image is filtered with a low-pass filter (Lo) and a high-pass filter (Hi) horizontally. 2. Filtered images are down-sampled, keeping the horizontal even-indexed elements. 3. The resultant images are filtered again with low-and high-pass filters vertically. 4. The new images are down-sampled again, keeping the vertical even-indexed elements. The original image is thus converted into 4 new images containing the same pixel size: 1 approximation and 3 details (vertical, horizontal, and diagonal details).
5. The steps must be iterated as many times as there are resolution levels. The approximation image obtained is used as the original image in the subsequent iterations. The general 4-level pyramidal decomposition scheme is shown in Figure 3 , and it poses a number of advantages in relation to other decomposition schemes in different types of medical images. 35 
Delineation and Regions of Interest
In this study, 4 different regions of interest were included, and the custom-made graphical user interface tool was used to manually delineate each region of interest, as illustrated in Figure 4 . The regions of interest and the criteria used for delineation were as follows: A, periventricular areas in a posterior coronal plane, taken from the anterior fontanel with the transducer posteriorly oriented at around 45°, delineating a 1-to 1.5-cm perimeter surrounding the trigone of the lateral ventricles and always avoiding gray matter; and B, choroid plexuses within the same plane as A at the level of the posterior horns of the lateral ventricles where the choroid plexus appears as a highly echogenic structure with a smooth, sharply defined outline. 36 Features computed from each structure were used independently as region of interests; therefore, we did not use any structure as a tissue reference for the texture-based ultrasound analysis. 
Region of Interest Histogram Equalization
To equalize each subregion of interest, we estimated the histogram of each region of interest at each subimage by kernel smoothing, where α is related to the individual, m to the filtered subimage, ROIn to the region of interest number, and k to the axis of binning, which goes from 0 to 255 because images are 8 bit. Critical intervals of the histogram were segmented by direct thresholding at half the maximum. We then registered each critical interval to a normal space, which was arbitrarily defined from -1 to 1, to obtain histograms defined in a normal axis of binning, k′, to compensate for brightness, gain, contrast, and some of the multiscattering effects,
Conditional Random Fields Estimation
Finally we compensated additional propagation effects by estimating a distortion factor, which minimizes the average mean square error of the estimated histograms of normalized bins as follows: (1) An expectation-maximization algorithm was used to find the optimal transformation, Our subregions of interest for each patient were finally computed as (2) To model close pixel interactions by second-order conditional random fields, which have the ability to encode both statistical and spatial properties of an image without assuming any distribution, 37 we expressed our pixel interactions by an 8-neighbor system, as illustrated in Figure 5 : (3) where is the 8-neighbored pixel, and Z(X) is the partition function. 
Computation of Marginal Distribution
The marginal distribution of the cliques that describe the conditional random field is estimated by maximum entropy 34 from the equalized images as per filter, patient, and subregion of interest. We computed the marginal distribution of the error of our fitting to get additional information. Importantly, this modeling enabled us to preserve spatial information that, combined with the pyramidal decomposition, allowed us to capture far-pixel interactions at a low computational cost.
Finally, it is important to emphasize that no morphologic characteristics were included in the computation of image texture features because conditional random fields only consider close pixel interactions. Therefore, the shape of the manual delineation did not affect the estimation of image texture features or the decision algorithm as long as the delineation did not include any relevant amount of adjacent tissue, which was ensured by our medical experts. Therefore, image texture features were solely based on analysis of the statistical properties of acoustic patterns within the manually delineated areas.
Learning A standard learning step, similar to that described by Holli et al, 32 was used in this last stage of processing, composed of feature selection in combination with a discriminant criterion to obtain a periventricular leukomalacia imaging biomarker.
Feature Selection
To select the subset of image texture features for classification and to separate the relevant features of those introduced by noise and the variability of clinical acquisitions, we used principal component analysis 38 to compress the texture data (ie, the regional neurostructure profile composed of 61,200 texture features) into a limited number of linear feature combinations. Ten components explained 95% of the variance within the observed sample. Then, fol- lowing a leave-one-out cross-validation strategy, we computed principal components by removing one of the samples. This process enabled us to calculate the average signal to noise ratio and weight for each component. Feature selection was completed by keeping only those vector coefficients with a signal to noise ratio of greater than 40 dB in each component.
Discriminant Criterion
The discriminant power of the thresholded components was estimated by the statistical significance of a multivariate analysis of variance test.
Imaging Biomarker for Periventricular Leukomalacia
The component with the lowest P value (maximum significance) was chosen as the most discriminant among all thresholded components and was set as the imaging biomarker.
Prediction Test
Periventricular leukomalacia scores were calculated as the projection of each individual vector of the image texture features on the imaging biomarker to assign each individual to a single value. To classify each individual in one group, we chose an appropriate threshold for this periventricular leukomalacia score, which was estimated by selecting the point of highest accuracy in a receiver operating characteristic curve.
Statistical Analysis
Data analyses were performed with SPSS version 17.0 software (SPSS Inc, Chicago, IL). Differences between the similarity scores were estimated by the Student t test and Mann-Whitney U test because samples size were smaller than 30, and P < .05 was considered significant. The accuracy, sensitivity, and specificity of the periventricular leukomalacia scores were calculated by adjusting the decision threshold with standard receiver operating characteristic curve analysis to 0.39 to estimate its correlation with the standard diagnosis. Additionally, we computed the linear dependence of the periventricular leukomalacia score with the gestational age at birth to show the reliability and robustness of our method. For the purpose of this study, different grades of white matter damage 30 were considered together as one group.
Results
Clinical Features and Cranial Ultrasound Findings
During the study period, a total of 257 neonates born at a gestational age of less than 32 weeks were admitted to the neonatal intensive care unit, of which 176 were not included in this study because the parents declined to participate or the presence of 1 or more exclusion criteria. Inclusion of cases for this study was concluded after the minimum defined sample size was reached, with a final number of 44 neonates (30 controls and 14 cases). Among the study cohort, the median gestational age was 29 weeks 3 days (range, 26 weeks-31 weeks 6 days), and the median birth weight was 1200 g (range, 460-1900 g). In 14 of the 44 neonates, periventricular leukomalacia was diagnosed according to standard criteria as defined above. All patients had grade 1 periventricular leukomalacia (6 unilateral and 8 bilateral). Thus, no patient had cystic periventricular leukomalacia. Periventricular echo densities were already present in 8 neonates on the first-week scan. Table 1 displays the clinical features of the study groups. Neonates with periventricular leukomalacia were born significantly earlier (P = .031), but there were no statistical differences regarding the mean birth weight or the presence of intrauterine growth restriction among the study groups. Two patients had other findings on cranial ultrasound: 1 with grade 2 intraventricular hemorrhage on the first scan, which was not present on the second scan; and another with unilateral ventricular dilatation.
Association Between Automatic Quantitative Ultrasound Analysis Periventricular Leukomalacia Scores and Conventional Periventricular Leukomalacia Diagnosis
The analysis was performed on first-week scans in 4 different regions of interest as defined above. These regions were subsequently used to compute the periventricular leukomalacia score for each individual using a leave-oneout cross-validation strategy as previously explained. Values are median (range) and number (percent). PVL indicates periventricular leukomalacia.
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The periventricular leukomalacia scores calculated on the first-week scan were significantly lower in cases with normal scan findings compared to cases with a diagnosis of periventricular leukomalacia by conventional ultrasound scans at 14 to 31 days (P < .001; Figure 6 ). Using receiver operating characteristic curve analysis, a periventricular leukomalacia score threshold of 0.39 at the first-week scan had accuracy of 97.7%, sensitivity of 100%, and specificity of 96.7% for the prediction of periventricular leukomalacia by standard diagnosis on later scans (Table 2 and Figures 7 and  8) . The patient misclassified with a positive periventricular leukomalacia score had transient periventricular echo densities on clinical inspection at the first-week scan but did not develop periventricular leukomalacia subsequently.
Additional statistics were computed to rule out the impact of gestational age on periventricular leukomalacia scores. As shown in Figure 9 , the periventricular leukomalacia scores in the group with normal scan findings were not linearly correlated with gestational age. A further analysis by stratifying the periventricular leukomalacia scores obtained in patients within the normal group showed that there was no correlation with gestational age. In addition, differences remained statistically different despite the small sample sizes of the resulting subgroups ( Figure 10) .
Evaluation of the Performance of the Automatic Quantitative Ultrasound Analysis Algorithm With Variable Delineation Areas and Scanner Settings
Additional statistics were computed to evaluate the robustness of the algorithm with regard to manual delineated areas and scanner settings. To ensure that manual delineation did not affect our results, we deliberately changed the original regions of interest delineated using the 44 neonates in the study by means of eroding and dilating progressively up to maximum values for erosion and dilation (0.48 cm inside and outside the original delineation, respectively) by means of a custom-made algorithm (30 erosions and 30 dilations were performed). This process resulted in markedly different delineation areas with respect to the original delineation. Figure 11 shows the original delineation (center) and the minimum (left) and maximum (right) areas analyzed. The periventricular leukomalacia scores were then calculated for each of the different delineations used, with the same prediction test and threshold. Figure 12 illustrates the variation in the accuracy, sensitivity, and specificity for each of the tested variations in the original area: 1. When the delineated area was enlarged, the sensitivity, specificity, and accuracy remained unchanged for all of the values tested. 2. When the delineation area was reduced, there was no effect until the area was reduced to about 60% of the original value, and from this point, a steep reduction in the accuracy, sensitivity, and specificity (down to 91%, 93%, and 90%, respectively) was observed.
To test the robustness of the algorithm under different ultrasound settings, we used a different sample set of 10 neonates with gestational ages of less than 32 weeks in whom ultrasound images were acquired using 4 frequency and gain combinations. Thus, the image on the screen was examined with very low gain (18 dB) and very high gain (38 dB) and under 5-and 8-MHz frequencies, producing extreme setting conditions but within the limits of what experienced examiners would consider minimal vision quality for a clinical examination. We computed the periventricular leukomalacia score for each individual and every setting combination, and the observed variation was less than 4% for all of the evaluated settings. Furthermore, no correlation was observed between the periventricular leukomalacia scores and the 4 settings evaluated, with R values of -0.102 (P = .53) and -0.091 (P = .58) for frequency and gain, respectively. 
Discussion
This study provides preliminary evidence that a method based on texture models of conditional random fields can extract quantitative image features from ultrasound images that correlate with the later diagnosis of white matter damage in neonates. These findings further support the notion that quantitative texture analysis might identify changes in brain ultrasound images that are missed by visual inspection. The technology evaluated in this study improves several aspects that limit the clinical applicability of methods based on quantitative ultrasound analysis. The findings of this study are in line with those of previous investigations using texture analysis for the evaluation of the neonatal brain. Barr et al 17 studied term neonates with acute hypoxia and evaluated texture features derived from ultrasound pixel intensities. They found that the mean gray level was the most sensitive predictor of differences between groups in some affected areas of the brain. In 2000, Simaeys et al 39 measured the ratio between the mean echo density of white matter and the mean echo density of the choroid plexus in 20 patients. Normal scans showed values of 0.74 (SD, 0.03), those of patients with periventricular leukomalacia showed values of 0.85 (SD, 0.07). The study further explored a mathematical model of ultrasound scanner settings and tissue attenuation to estimate "compensated average echo densities" with no conclusive results. On the contrary, the method described here was based on pattern recognition and did not model any ultrasound scanner settings or tissue properties, which are complex and may produce unexpected errors, as reported previously. 19, 40 Vansteenkiste et al 21 recently provided further evidence that automatic image features for early diagnosis of periventricular leukomalacia can be found in nonstandardized images by means of sparse representations of texture models based on statistical methods, such as the co-occurrence matrix, and subsequent semiautomatic seg- mentation strategies. The authors succeeded in identifying brain white matter differences among very low-birth-weight preterm neonates (<1500 g) with images acquired at a postconceptional age of 32 weeks using magnetic resonance imaging as the reference standard, with overall sensitivity of 88% and specificity of 94%. These results outperformed the sensitivity of previously described methods by 18%. [22] [23] [24] In a latter work, 25 the authors reported sensitivity of up to a 98% in the same population by adding a semiautomatic segmentation step to the classifier algorithm. A periventricular leukomalacia score was computed as the total area in pixels that contained flarelike characteristics within the semiautomatically segmented region of interest. The approach was presented as a robust method, but it remains unclear whether it was dependent on machine parameters. Because the proposed periventricular leukomalacia score was only based on counting the total number of flarelike pixels, and pixels are area measurements in arbitrary units that totally depend on machine parameters such as the field of view, these results could have been compromised by the existing association between periventricular leukomalacia, some clinical conditions (such as prematurity and low birth weight), head size, and other circumstances. In summary, that method lacks repeatability because different operators would zoom differently, which would vary the pixel size (and periventricular leukomalacia score) substantially. To avoid any influence of the shape and size of the manual delineation, the method used in this study did not include any morphologic characteristics of the delineated regions of interest. All texture features were based on calculations of close pixel interactions; thus, the scores were highly independent of the delineated area as long as it contained the region of interest, as shown in "Results." When the delineation of the region of interest was deliberately reduced by greater than 50%, lack of information compromised the accuracy, although it remained greater than 90%. Prior texture analysis by Hope et al 19 already suggested that the delineated area seemed to have little effect on the measurement's ability to discriminate. In this way, the proposed method based on manual delineation is not a drawback affecting accuracy but rather constitutes a strength because it offers the medical expert flexibility in evaluating the textural content of a specific location within an ultrasound image.
To correlate texture features and neurologic outcomes evaluated more than 5 years after birth, Hope et al 19 retrospectively reviewed neonatal cranial ultrasound scans of very preterm neonates performed within the first week of life. Using a semiautomated method based on white mat- ter masks, the authors calibrated ultrasound images by means of the choroid plexus as a tissue reference, used 4 families of image-processing techniques to capture sparse image features, and estimated an optimal classifier by a random forest. 41 Despite working with low image qualities and 2 different scanners, texture analysis showed agreement of 72% with the diagnosis of cerebral palsy after 5 years of age. These results outperformed those obtained by the clinical diagnosis from 3 experienced clinicians, who achieved agreement of 53%. Their diagnosis was based on visual inspection of several cranial ultrasound images and additional clinical information at birth. As a novelty, ultrasound speckle was not removed from analysis in that study because the authors hypothesized that it might contain useful information. We agree with this notion, and accordingly, our method included speckle information in the analysis.
Although considerable progress has been made in quantitative ultrasound analysis, the field is open to further improvement. The technology evaluated in this study might provide solutions to several bottlenecks. First, the method evaluated here is independent of the variable scanner settings that different examiners might use to achieve a satisfactory clinical vision. In our additional experiments, we found intrapatient variability of less than 4% even when extreme setting combinations were used. Second, the method is also independent of the shape and area delineated because the analysis is not based on morphologic characteristics. Third, as supported by the findings of the study, it is possible to set the predictive algorithm so that Automatic Quantitative Ultrasound Analysis is not influenced by gestational age. The need to correct for gestational age is supported by a previous study 42 reporting that gestational age may affect the white matter texture results.
Thus, we deliberately excluded these statistical features to avoid any bias in the calculation of the scores. Finally, the proposed methodological approach did not use the direct gray level from the image or tissue references, but rather it estimated texture models based on random fields that converged robustly to different tissue characteristics independent of scanner settings and the overall acquisition. In previous studies, 17, 39 this problem had been approached by different perspectives from scanner modeling to development of methods based on sparse texture features, but in general, such features are gray level dependent, as is the cooccurrence matrix. Therefore, the above-discussed features may represent improvements with respect to previously described methods and could render the technology evaluated here closer to clinical practice.
This preliminary study had obvious limitations. Because of its exploratory nature, the minimum sample size for patients with normal cranial ultrasound findings was set arbitrarily. Larger sample sizes are required to allow more detailed subanalyses and stronger conclusions. In addition, we acknowledge that the predictive value of texture analysis should be tested against neurodevelopmental outcomes, and this research is now under way. The method used here still requires a manual delineation step, which has previously been described as introducing more variability. We acknowledge that semiautomated delineation would improve the clinical applicability of the method and that the algorithm was validated on the same sample on which it was developed. To cope with the small sample size, we used cross-validation in variable selection because it is a way to assess the unconditional predictive ability of a method in a computational manner and does not impose any statistical modeling on the data set. 43 Particularly, we decided to use leave-one-out cross-validation because in nearly all situations, it produces an almost unbiased estimation of the fitted model that will be conservative, suggesting a slightly poorer fit.
In summary, this study confirms previous findings supporting the investigation of quantitative ultrasound analysis methods to improve subjective evaluation of neonatal brain ultrasound images. The study evaluated a methodological approach that might overcome some limitations of previous methods. Automatic Quantitative Ultrasound Analysis showed a good correlation with the clinical diagnosis, and it was able to predict the later diagnosis of white matter damage in a substantial proportion of cases. The findings reported in this study support further research to assess the clinical value of this method. The algorithm tested here has the potential to providing useful information in other medical conditions, and several additional studies are now under way. Figure 12 . Accuracy, specificity, and sensitivity changes against variations in the delineated area. ROI indicates region of interest.
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